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ABSTRACT 
A recurrent neural network (RNN) model for a CO2 methanation reactor was developed based on 
synthetic data generated from a validated mechanistic model of the same unit. The model was 
used to predict the main properties of the reactor – methane productivity and hotspot temperature 
– during a dynamic operation of the unit. The dynamic profile of feedstock availability was simu-
lated taking into account the H2 flow that can be produced from PV-powered water electrolysis 
using solar irradiation profiles over a year in Milan, Italy. The dataset therefore consists of 366 
data instances (one for each day), each composed of one datapoint per minute of sunlight. The 
best agreement between the predictions from the RNN and the target output values from the 
mechanistic model was found using a shallow RNN of 20 hidden-layer neurons, trained with a 
batch size of 10 and an 80/20 training-testing split. This showed that RNNs can constitute a reli-
able tool for dynamic surrogate modelling of energy conversion reactors. The surrogate model 
was embedded in an energy system model to provide dynamic predictions of the energy conver-
sion efficiency in the reactor, providing a more realistic performance assessment compared to the 
average efficiency models commonly used in the literature. 

Keywords: Dynamic surrogate modelling, Recurrent neural networks, Machine learning, Energy systems anal-
ysis, Chemical reaction engineering

INTRODUCTION 
The global transition towards decarbonised energy 

systems is reshaping the design and operation of chemi-
cal reactors within integrated energy networks. As re-
newable technologies become central to energy produc-
tion, their inherent intermittency introduces temporal 
fluctuations that destabilise the conventional steady-
state operation of chemical processes [1]. This shift de-
mands new modelling approaches capable of capturing 
transient dynamics to ensure process efficiency, stabil-
ity, and safety under variable operating conditions. 

Among the technologies driving decarbonisation, 
the catalytic methanation of carbon dioxide (CO2) has 
gained relevance within Power-to-Gas (PtG) systems. 
This process converts renewable hydrogen and captured 
CO2 into synthetic natural gas (SNG), which can be in-
jected into existing gas grids or used as a carbon-neutral 

fuel [2]. By enabling renewable energy storage and car-
bon utilisation, CO2 methanation provides a key link be-
tween the renewable power and gas sectors. However, 
the highly exothermic nature of the reaction (∆𝐻𝐻298� =
 −165.0 ��

���
) poses challenges for heat management and 

reactor stability, particularly under the intermittent and 
variable conditions imposed by renewable power fluctu-
ations [3]. These dynamic changes in feed composition, 
flowrate, and temperature cannot be reliably represented 
through steady-state modelling approaches. 

In this context, dynamic reactor modelling has 
emerged as a critical tool for understanding and optimis-
ing CO2 methanation under varying conditions. By explic-
itly accounting for temporal variations in system inputs, 
dynamic modelling enables the prediction of phenomena 
such as transient temperature evolution, heat accumula-
tion, and reaction rate fluctuations, providing the founda-
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tion for safe and efficient reactor operation in non-sta-
tionary regimes [4]. Nevertheless, traditional mechanistic 
models, despite their physical accuracy, are computa-
tionally demanding due to the need to solve complex 
coupled differential equations across multiple spatial and 
temporal scales. 

To overcome these limitations, recent advances in 
machine learning have opened new pathways for devel-
oping data-driven models that replicate mechanistic be-
haviour with significantly lower computational cost [5]. 
Recurrent neural networks (RNNs), in particular, have 
demonstrated great potential for modelling sequential 
and time-dependent chemical processes by capturing 
the effect of dynamic inputs on dynamically operated re-
actors [6]. 

This study develops and applies an RNN model 
trained on data from a validated mechanistic simulation 
to reproduce the dynamic behaviour of a CO2 methana-
tion reactor fed with hydrogen produced via photovol-
taic-powered electrolysis. The main objective is to quan-
tify the impact of seasonal renewable fluctuations on re-
actor performance and stability, providing a computa-
tionally efficient modelling framework to support future 
Power-to-Gas technologies. 

While the tool of RNNs has been used in the litera-
ture to construct hybrid, discrepancy-based models [6, 
7], i.e., dynamic mechanistic models where the machine 
learning tool is used to bridge the gap between the first-
principles equations and the real-life phenomenon, this 
work aims at using the machine learning tool to construct 
a fully black-box model for the dynamic calculation of key 
performance variables in a chemical reactor as a function 
of present and past values of one or more selected input 
variables. This with the aim to realise a model as efficient 
as possible for the design of an energy conversion reac-
tor capable of dealing with non-constant input quantities. 

METHODS 
The methodology adopted in this study consists of 

three main steps. First, a mechanistic reactor model was 
developed and validated to generate a synthetic dataset 
to support the machine learning model development. 
Subsequently, a surrogate dynamic model based on re-
current neural networks was designed and trained using 
this dataset. Finally, the model outputs were integrated 
into a black-box CO2 methanation model to assess the 
dynamic behaviour of a PtG system and evaluate the per-
formance and applicability of the predicted results. 

Mechanistic reactor modelling 
The kinetic expression for the CO2 methanation re-

action is derived from the work of Pétremand et al. (2025) 
[8]. Additionally, the behaviour of the system around the 
thermodynamic equilibrium is characterised by adding 

two kinetic expressions for the methanation of CO and 
the water-gas shift reaction from the work of Xu and Fro-
ment (1989) [9]. The rates of these reactions are only sig-
nificant when the composition of the system is slightly 
different from that at the thermodynamic equilibrium, but 
not enough for the rate of CO2 methanation to bridge 
such gap on its own. For the rest of the integration, their 
influence is negligible. 

Table 1: Reactions in the kinetic model for CO methana-
tion. 

Reaction Equation 
CO2 methanation CO2 + 4H2 ⇌ CH4 + 3H2O 
CO methanation CO + 3H2 ⇌ CH4 + 2H2O 
Water-gas shift CO + H2O ⇌ CO2 + H2 

 
The CO2 methanation reactor considered in this 

study is a plate-type unit operating at 8 bar and thermally 
regulated with boiling water at 230 °C. The feed consists 
of biogas with a CO2:CH4 ratio of 1:1, and hydrogen is 
supplied to achieve an inlet molar H2/CO2 ratio of 4. The 
dynamic behaviour of the reactor is represented using a 
one-dimensional dynamic model in which mass balances 
are pseudohomogeneous, while heat balances are heter-
ogeneous. 

The gas-phase component balance is expressed in 
Equation (1): 

���
��

+ 𝑣𝑣�
���
��

= 𝑣𝑣�𝐴𝐴𝒟𝒟�
�2��
��2

+ 𝜌𝜌�(1 − 𝜀𝜀�)𝑣𝑣�𝐴𝐴∑ 𝜈𝜈��𝑟𝑟�
��
�=1   (1) 

The energy balance equations for the gas and solid 
phases, respectively, are expressed in Equations (2) and 
(3): 

𝜌𝜌�𝑐𝑐�̂����
��

��
+ 𝑣𝑣�

��

��
� = 𝑣𝑣�𝐴𝐴

�

��
�Λ ��

��
� − 𝑣𝑣�𝑎𝑎�ℎ�(𝑇𝑇 − 𝑇𝑇�)−

𝑣𝑣�𝑎𝑎�𝑈𝑈(𝑇𝑇 − 𝑇𝑇�)       (2) 

(1 − 𝜀𝜀�)𝜌𝜌�𝑐𝑐�
���
��

= −(1− 𝜀𝜀�)𝜌𝜌�∑ Δℎ��𝑟𝑟�
��
�=1 + 𝑣𝑣�𝑎𝑎�ℎ�(𝑇𝑇 − 𝑇𝑇�)

         (3) 

At the reactor inlet, the Danckwerts boundary con-
ditions are applied, while zero-gradient Neumann condi-
tions are imposed at the outlet by setting the second de-
rivative of concentration and temperature to zero. 

Hydrogen production from photovoltaic-powered 
electrolysis is determined using the efficiency 𝜂𝜂�� of the 
proton exchange membrane (PEM) electrolyser, defined 
as: 

𝐹𝐹�2
= ������

����2
         (4) 

In this formulation, the electrical power 𝑊𝑊 �� corre-
sponds to the installed photovoltaic capacity derived 
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from satellite observations for Milan, Italy, and an effi-
ciency of 75% was assumed for the electrolyser. 

Artificial neural network development 
An artificial neural network (ANN) is a machine 

learning model that processes information through inter-
connected computational units known as neurons. Each 
neuron processes input signals (𝑥𝑥), turning them into out-
puts (𝑦𝑦) through two steps:  

1. A linear combination of weights 𝑊𝑊  and biases 𝑏𝑏; 

2. A nonlinear activation function 𝜃𝜃. 

In the simplest ANN architecture, called a feed-for-
ward neural network (FFNN), the neurons are organised 
in subsequent layers. The inputs to the network are pro-
cessed by an input layer, one or more hidden layers, and 
one output layer [10]. 

The network parameters are initialised randomly, 
then updated iteratively to minimise the error between 
the actual and predicted outputs, in a procedure called 
training. Each iteration of the procedure is called epoch, 
and the training ends when a sufficient agreement be-
tween the training outputs and the network prediction is 
reached. 

This study employs a recurrent neural network 
(RNN), which extends the conventional feedforward ar-
chitecture by incorporating feedback connections to pro-
cess sequential data and capture temporal dependencies 
relevant to reactor dynamics. A gated recurrent unit 
(GRU) network is used, as its gating mechanisms pre-
serve information over longer time sequences through 
the hyperbolic tangent (tanh) and the sigmoid (𝜎𝜎) activa-
tion functions [11]. The GRU is defined by its gating 
mechanism, which at each time step 𝑘𝑘 computes the re-
set gate 𝒓𝒓(�), update gate 𝒛𝒛(�), candidate gate 𝒈𝒈(�), and the 
hidden state 𝒉𝒉(�) (in the following equations, ∘ represents 
element-wise multiplication): 

𝒓𝒓(�) = 𝜎𝜎�𝑾𝑾�𝒙𝒙(�) + 𝑹𝑹�𝒉𝒉(�−1) + 𝒃𝒃��      (5) 

𝒛𝒛(�) = 𝜎𝜎�𝑾𝑾�𝒙𝒙(�) + 𝑹𝑹�𝒉𝒉(�−1) + 𝒃𝒃��    (6) 

𝒈𝒈(�) = tanh�𝑾𝑾�𝒙𝒙(�) + 𝒓𝒓(�) ∘ �𝑹𝑹�𝒉𝒉(�−1) + 𝒃𝒃���    (7) 

𝒉𝒉(�) = �𝟏𝟏 − 𝒛𝒛(�)� ∘ 𝒈𝒈(�) + 𝒛𝒛(�) ∘ 𝒉𝒉(�−1)      (8) 

Afterwards, the GRU hidden layer is linked to a fully 
connected output layer defined by its own weight vector 
and bias, yielding the network output 𝒚𝒚�: 

𝒚𝒚(�) = 𝑾𝑾�𝒉𝒉(�) + 𝒃𝒃�      (9) 

The RNN tool was used to produce a surrogate, 
data-driven model of the reactor where the only input 
feature is the hydrogen inlet flowrate, while the CO2 is 
assumed to always be fed in stoichiometric amounts ac-
cording to the Sabatier reaction (CO2 methanation, Table 

1). As output features, three performance variables for 
the methanation reactor were chosen in the hotspot tem-
perature, the methane output flowrate, and the methane 
purity at the outlet. 

As this study assesses a regression task, the pre-
dicted outputs are assessed against the target values us-
ing the mean squared error (MSE), which quantifies the 
average squared difference between the predictions 𝑦𝑦� 
and target values 𝑦𝑦�̂: 

ℒ��� = 1

�
∑ (𝑦𝑦� − 𝑦𝑦�̂)

2�
�=1     (10) 

Integration into an energy system model 
The trained RNN was integrated into a model for the 

design of a system to provide a constant supply of H2 to 
satisfy the yearly energy demand from fuel-cell-powered 
vehicles. In this model, it is assumed that H2 is primarily 
used in decarbonised mobility. When H2 is available in ex-
cess, it is stored in the form of methane. Then, methane 
is reformed to produce hydrogen when H2 supply is not 
sufficient [12] The energy demand is assumed as a prob-
lem datum and marked as 𝑊𝑊���. The model equates 𝑊𝑊��� 
with the energy converted from solar to calculate the 
minimum PV panel surface required to meet the demand. 

The energy from the PV panels is stored and con-
verted according to three steps: 

1. electrolysis to produce H2,  
2. methanation to convert the H2 into CH4,  
3. reforming to reconvert the methane to hydro-

gen for use on vehicles. 
Each of these steps is characterised by an efficiency 

value, resulting in the following equation for the conver-
sion of the available energy 𝑊𝑊��: 

𝑊𝑊� = 𝑊𝑊�� ∙ 𝜂𝜂�� ∙ 𝜂𝜂���ℎ ∙ 𝜂𝜂���     (11) 

While the efficiencies connected to the electrolysis 
and reforming steps are assumed constant (𝜂𝜂�� =
0.75, 𝜂𝜂��� = 0.7), the value of 𝜂𝜂���ℎ can either be a constant 
empirical value of 0.7, or calculated for each day individ-
ually with the help of the RNN model (in which case it is 
denoted by 𝜂𝜂���): 

 𝜂𝜂��� =
���4
��� ∙�����4
��2
�� ∙����2

      (12) 

The available energy for conversion is determined 
from the solar irradiation intensity 𝐼𝐼 in the dataset: 

𝑊𝑊�� = 𝐼𝐼 ∙ 𝑆𝑆��         (13) 

The equivalence between 𝑊𝑊��� and 𝑊𝑊� is then used 
to determine the required PV panel surface 𝑆𝑆�� . Results 
are compared between the constant assumption of 
𝜂𝜂���ℎ = 0.7 and the average of the daily values derived 
from the RNN model (𝜂𝜂���). 
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RESULTS AND DISCUSSION 

Mechanistic reactor model validation 
The mechanistic model was validated by reproduc-

ing the transient and steady-state behaviour of the reac-
tor reported by Moioli et al. (2024) [13]. The transient 
thermal behaviour of the CO2 methanation reactor was 
evaluated by analysing the temperature profiles every 
second minute during start-up. The modelling case used 
for the validation shown in Figure 1 has been obtained at 
a coolant temperature of 230°C, reactor pressure of 8 
bar, and with an inlet composed of hydrogen and biogas 
in stoichiometric ratio, with the molar ratio of CO and CH4 
in the biogas assumed to be 1/1. The case in the figure 
refers to a step change in the inlet flowrate from 0% to 
50% of the nominal design conditions of the reactor 
(3000 h-1). 

 
Figure 1: Temperature profile of the reactor during start-
up at 50% load. Continuous lines represent the model re-
sults, scattered points the experimental data from [13]. 

At time-zero, the catalyst bed is preheated to 230°C. 
Upon feeding of CO2, the reaction is initiated immedi-
ately, generating a hotspot whose axial width and peak 
temperature increase over time, reaching steady-state in 
under ten minutes. The mechanistic model successfully 
reproduces the start-up dynamics, closely matching the 
experimental observations. The discrepancies between 
the experimental and modelled profiles can be attributed 
to the difference between the catalysts used in the pilot-
scale plant and in the work of Pétremand et al. [8]. 

The mechanistic model was subsequently validated 
through four simulations of the CO2 methanation reactor, 
assessing its response to load variations, temperature 
evolution, concentration profiles, and axial temperature 
behaviour under different feed gas temperatures. In all 
cases, the reactor exhibited rapid thermal adaptation to 
changing operating conditions, and the model success-
fully reproduced key experimental reaction dynamics, in-
cluding hotspot development and the attainment of grid-
compliant methane. Overall, the simulated responses 
demonstrate the reliability and flexibility of the mechanis-
tic model, confirming its suitability for generating repre-
sentative training data. 

RNN development and performance evalua-
tion 

The RNN was trained using three target variables: 
hotspot temperature, methane dry molar fraction, and 
methane molar flow. These descriptors were selected as 
key indicators because they represent the thermal be-
haviour of the reactor, product quality, and productivity 
under fluctuating hydrogen supply. To ensure balanced 
learning across variables of different magnitudes, a 
standardisation procedure that transforms all target var-
iables into a comparable numerical range was applied: 
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Figure 2: Effect of the number of neurons in the hidden layer (a) and of the training batch size (b) on the final 
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𝑥𝑥�,�� = (��−��)

��
        (14) 

Where 𝜇𝜇� is the mean and 𝜎𝜎� the standard deviation of fea-
ture 𝑖𝑖 across all datapoints. The scaling of the dataset al-
lowed for stable convergence and close agreement be-
tween the predictions and the mechanistic model. 
A sensitivity analysis was then performed to evaluate the 
influence of the hidden layer size, and batch size on 
model performance, whose results are reported in Figure 
2. An increase in the hidden layer size did not lead to a 
clear improvement in the performance, but rather to a 
slight increase in the time needed for training. In machine 
learning theory, it is well established that increasing the 
number of neurons in hidden layers generally improves 
the accuracy of a neural network, but also that an exces-
sive parametrisation may increase the risk of overfitting 
[6, 11]. The layer size for the following evaluations was 
therefore limited to 20 as a compromise to achieve rela-
tive accuracy while maintaining a low risk of overfitting 
and a manageable training time. 
The sensitivity analysis on the batch size showed a clear 
trade-off between computational time and prediction ac-
curacy: larger batch sizes reduced epoch duration but in-
creased the testing loss. A batch size of 10 was adopted 
for the following evaluations, due to lower values also in-
creasing the risk of overfitting.  

The parity plots presented in Figure 3 offer an ef-
fective visual assessment of the model performance by 
comparing predicted values with their corresponding ref-
erence data for both output variables: the hotspot tem-
perature, in °C, and the methane output of the reactor, in 
mol/s. Again, a strong agreement is shown between the 
predictions from the RNN model and those from the 
mechanistic model. 

The parity plots show most data points lying close 
to the parity line, indicating that the RNN accurately re-
produces the nonlinear behaviour of the mechanistic 

model under dynamic conditions. The highest deviations 
appear for the methane output at the extremes of the 
daytime range (lighter yellow datapoints), reflecting a re-
duced accuracy when the reactor operates at very low 
space velocities. These discrepancies remain limited and 
do not significantly affect overall predictive performance. 

The parity plots confirm that the RNN captures both 
the steady-state and transient responses of the CO2 
methanation reactor with high fidelity. 

Figure 4 compares the entire daily profile of the out-
let flowrate of methane predicted by the mechanistic 
ground truth model and the RNN-based model, respec-
tively. The strong agreement shown in the parity plot in 
Figure 2b between the predictions by the RNN and the 
mechanistic model is again made visible, confirming the 
ability of the network to capture the variation of key per-
formance variables following a change in the hydrogen 
supply to the CO2 methanation reactor. 

 
Figure 4: Comparison between the methane flowrate val-
ues [mol/s] predicted by the mechanistic model and the 
RNN-based model. 
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Figure 3: Parity plot for the hotspot temperature [°C] (a) and for the methane flowrate [mol/s] (b), comparing the 
values predicted by the RNN-based model (y axis) with those from the mechanistic model (x axis). 

450 500 550 600
450

500

550

600
predictions
parity line
±5%

06:00

07:00

08:00

09:00

10:00

11:00

12:00

13:00

14:00

tim
e of day (hh:m

m
)

06:00

07:00

08:00

09:00

10:00

11:00

12:00

13:00

14:00



 

Pappagallo et al. / LAPSE:2026.0314 Syst Control Trans 5:895-902 (2026) 900  

Integration into the energy system model 
The recurrent neural network was integrated into 

the energy system model by applying the daily power-to-
gas efficiency profile calculated in Equation (12). These 
daily efficiency values were incorporated into the macro-
scopic energy balance described in Equation (11), linking 
the dynamic reactor behaviour with the overall energy 
system evaluation. For comparison, the RNN results were 
assessed against those obtained using a constant effi-
ciency value for the methanation block, as commonly 
done in energy system analysis [14]. The results are sum-
marised in Table 2. 

When comparing the constant efficiency evalua-
tions with the ones conducted using a dynamic efficiency 
profile, some notable differences are found. First, the 
higher efficiencies calculated by the RNN model result in 
a 1.2% lower surface of PV panels needed to meet the 
energy demands, and a lower need for the energy stor-
age system, which is used 3 days fewer than what calcu-
lated using the standard efficiency value. 

This reduces the amount required over a year for 
both the energy carrier (-2.4%) and the biogas (-1.9%), 
leading to a more efficient use of resources. 

These results show that integrating a dynamic effi-
ciency profile, calculated with the help of a model, di-
rectly improves the energy balance and storage behav-
iour of the system model, whereas assuming constant ef-
ficiencies fails to capture the daily variations in perfor-
mance. Including these variations provides a more realis-
tic representation of the response of the PtG system to 
the intermittency typical of renewable energy sources.  

CONCLUSIONS 
 This study developed and evaluated a recurrent 

neural network (RNN) framework for the dynamic model-
ling of a CO2 methanation reactor powered by renewable 
hydrogen. The research aimed to bridge the gap between 
detailed mechanistic modelling, which provides high 
physical fidelity but is computationally intensive, and 
data-driven modelling, which enables fast, flexible, and 
adaptive simulations. The methodology consisted of 
three main stages: mechanistic model validation, RNN 
development, and a system evaluation within a Power-

to-Gas (PtG) configuration. 
In the first stage, a one-dimensional mechanistic re-

actor model using pseudohomogeneous component bal-
ances and heterogeneous energy balances was devel-
oped and validated with established CO2 methanation ki-
netics. The model successfully reproduced the steady-
state and transient responses reported in the literature 
[13], including the rapid thermal adaptation to load 
changes in the reactor, the evolution of the hotspot, and 
the corresponding concentration profiles. This validation 
confirmed the model as a reliable tool generating dy-
namic data representative of operating conditions influ-
enced by fluctuating hydrogen inputs. 

The second stage focused on developing and train-
ing the RNN using synthetic data produced by the mech-
anistic simulations. The hotspot temperature, methane 
dry molar fraction, and methane molar flow were selected 
to represent the thermal behaviour of the reactor, prod-
uct quality, and productivity. Standardisation was essen-
tial to achieve balanced learning and stable convergence. 
A sensitivity analysis of network architecture showed 
that an increase in parametrisation (hidden layer size, 
network depth) had a limited influence on predictive ac-
curacy, whereas the evaluation of the batch size revealed 
a clear trade-off between computational time and model 
performance. The final architecture, consisting of one 
hidden layer with 20 neurons and trained using a batch 
size of 10, provided the best balance between accuracy 
and efficiency. The trained RNN reproduced the nonlin-
ear reactor dynamics with high fidelity, as demonstrated 
by strong agreement between predicted and mechanistic 
model outputs. 

In the third stage, the RNN was integrated into a 
black-box PtG model to evaluate the system perfor-
mance under daily and seasonal variability in hydrogen 
production from photovoltaic electrolysis. Compared to a 
constant efficiency assumption, the inclusion of dynamic 
daily efficiencies significantly altered the predicted be-
haviour of the chemical storage system. The dynamic 
case showed substantial decreases in the operating days 
needed to meet the energy demand, with a consequent 
decrease in the usage of methane and biogas, and in the 
PV panel surface required, demonstrating that simplified 

Table 2: Comparison of technical indicators obtained from the power-to-gas energy system using three modelling 
approaches. 

 Constant efficiency Average RNN efficiency 
PV surface required [m2] 1001 989 
Active days per year of the storage system [d] 257 254 
Required amount of energy carrier (CH4) per year [ton] 9.20 8.98 
Required amount of biogas per year �m3

h
� 0.732 0.718 
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efficiency assumptions notably overestimate the opera-
tional demands of the system. 

Overall, this work demonstrates that RNNs offer an 
effective and computationally efficient surrogate for dy-
namic reactor modelling. The framework developed here 
constitutes a practical methodological approach that 
combines the accuracy of mechanistic models with the 
speed of data-driven ones, supporting future efforts in 
developing efficient optimisation and control strategies 
for flexible, renewable-driven chemical processes. 
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TABLE OF VARIABLES 

Mechanistic model 
𝐴𝐴 reactor cross-section m2 

𝑎𝑎� 
specific surface for interphase 
heat exchange m−1 

𝑐𝑐� concentration of species 𝑖𝑖 mol m3⁄  

𝑐𝑐�̂��� 
mass-specific heat of gas mix-
ture J kg∙K⁄  

𝑐𝑐� specific heat of solids J kg∙K⁄  

𝒟𝒟� 
axial dispersion coefficient of 
species 𝑖𝑖 m2 s⁄  

𝐹𝐹� molar flowrate of component 𝑖𝑖 kmol s⁄  

𝐻𝐻𝐻𝐻𝐻𝐻� 
higher heating value of species 
𝑖𝑖 J mol⁄  

ℎ� 
interphase heat exchange coef-
ficient W m2 ∙ K⁄  

𝑚̇𝑚 total mass flowrate kg s⁄  
𝑟𝑟� rate of reaction 𝑗𝑗 kmol m3 ∙ s⁄  
𝑇𝑇 temperature K 
𝑇𝑇� coolant temperature K 
𝑇𝑇� temperature of solid phase K 
𝑡𝑡 time s 
𝑈𝑈 global heat transfer coefficient W m2 ∙ K⁄  
𝑣𝑣� gas velocity m s⁄  
𝑊𝑊 �� available electrical power W 
𝑧𝑧 axial reactor coordinate m 
Δℎ�� enthalpy of reaction 𝑗𝑗 J mol⁄  
𝜀𝜀� bed void fraction - 
𝜂𝜂�� electrolyser efficiency - 

𝜈𝜈�� 
stoichiometric coefficient of 
species 𝑖𝑖 in reaction 𝑗𝑗 - 

𝜌𝜌� catalyst density kg m3⁄  

Surrogate model 
𝒃𝒃� bias of gate 𝑔𝑔/output layer 𝑦𝑦 
𝒈𝒈(�) candidate gate output at timestep 𝑘𝑘 
𝒉𝒉(�) network hidden state at timestep 𝑘𝑘 
𝑹𝑹� recurrent weights of gate 𝑔𝑔 
𝒓𝒓(�) reset gate output at timestep 𝑘𝑘 

tanh(∙) hyperbolic tangent activation function 
𝒙𝒙(�) network input at timestep 𝑘𝑘 
𝒚𝒚(�) network output at timestep 𝑘𝑘 
𝑾𝑾� input weights of gate 𝑔𝑔/output layer 𝑦𝑦 
𝒛𝒛(�) update gate output at timestep 𝑘𝑘 
𝜎𝜎(∙) sigmoid activation function 

Energy system model 
𝐹𝐹��� inlet flowrate of component 𝑖𝑖 kmol s⁄  
𝐹𝐹���� outlet flowrate of component 𝑖𝑖 kmol s⁄  
𝐼𝐼 solar intensity W m2⁄  
𝑆𝑆��  total surface of PV panels m2 
𝑊𝑊�� available power from PV plant W 

𝑊𝑊� enthalpy content of final prod-
uct W 

𝜂𝜂�� electrolyser efficiency - 

𝜂𝜂���ℎ thermal efficiency of methana-
tion (constant hypothesis) - 

𝜂𝜂��� thermal efficiency of methana-
tion (from surrogate model) - 
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